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Abstract: BACKGROUND: Scoliosis is a widespread musculoskeletal disorder of bending and twisting of spine.

In this medical ailment, spine curves to the side and even in severe cases it can twist and can take several bends.

For the diagnosis and treatment of scoliotic patients, the Cobb’s angle is a critical marker of the body’s curvature.

OBJECTIVE: There are many researches that have been conducted to automate the manual measurement of the

angle and every investigation has their own limitations. METHODS: This paper presents a method for precisely

measuring the Cobb’s angle using deep learning based techniques. Mainly it comprises of feature enhancement

of augmented dataset, a bespoke code for landmark estimation on the spine, segmentation model based on the

U-Net architecture and a custom code for Cobb’s angle measurement. These measured angles are then compared

to the given angles for the segmentation on biomedical (X-ray) images. RESULTS: The findings demonstrate

that the proposed technique offers an automated and impartial way for precisely measuring this angle with an

overall accuracy of 97% and Root Mean Square Error (RMSE) of 4.99, which can lower the variability, facilitate

early detection, accurate diagnosis, and monitoring of scoliosis progression. Additionally, it aids in the treatment

planning and evaluating treatment outcomes. CONTRIBUTION: By leveraging the applications of Cobb’s angle

measurement, healthcare professionals can enhance the quality of care and can improve long-term outcomes for

individuals with scoliosis.

Keywords: scoliosis; Cobb’s Angle; land-marking; segmentation; X-rays; deep learning; Contrast Adaptive

Histogram Equalization (CLAHE); serialization; deserialization

Introduction

The spinal abnormality known as scoliosis, affects the spine’s curvature, causing improper
rotation and lateral deformation [1]. Scoliosis can affect people of all ages, genders, and ethnicities. Its
prevalence rates vary based on different factors, such as geographic location, race, and age [2,3]. There
are different types of scoliosis, including idiopathic, congenital, neuromuscular, and degenerative
scoliosis based on the the root cause and vertebrae involved [4]. The majority of the cases of scoliosis, or
80% of occurrences, are idiopathic, and they often manifest during adolescence. The precise root cause
of idiopathic scoliosis is unknown, although environmental and genetic variables such as hormone
imbalances, neuromuscular abnormalities, and development disruptions are considered to play a vital
role [1].

The frequency of scoliosis in the general population is between 2− 3% and while it can occur at any
age, it is most frequently detected in adolescence [2,5–9]. It can cause various physical, functional, and
psychological impairments, ranging from mild to severe, depending on the severity of the curvature
and the affected regions of the spine. Common symptoms of scoliosis include back pain, spinal
stiffness, muscle imbalances, respiratory and cardiovascular dysfunction, reduced mobility, and poor
posture [10,11].

In severe cases of scoliosis, significant cosmetic deformity is observed by affecting the quality of
life of patients. Moreover, the afterwards treatment of scoliosis is quite expensive including diagnostic
tests, therapeutics, surgeries, and ongoing monitoring [12,13]. Figure 1 gives the scoliotic view of a
normal spine.
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Assessing the severity and progression of scoliosis is critical for guiding treatment decisions and
predicting outcomes. Its early detection allows for treatment to begin before the curve in the spine
becomes severe. Literature [2,14] has shown that early detection and treatment of scoliosis can lead to
better outcomes and reduce the need for surgery. Another reason why scoliosis detection is crucial
is that untreated scoliosis can lead to complications such as chronic pain, difficulty in breathing, and
even heart problems. Studies have shown that scoliosis can negatively affect a person’s quality of life,
if left untreated [4,15,16].

By detecting scoliosis early and treating it appropriately, individuals can maintain a better quality
of life and continue to participate in their normal activities. Conservative treatment approaches
such as bracing have been shown to be effective in preventing progression of scoliosis [1,17,18].
Finally, scoliosis detection can increase awareness about the condition and encourage more people
to seek treatment, if necessary. Health organizations such as the National Institute of Arthritis and
Musculoskeletal and Skin Diseases provide information and resources to help people understand
scoliosis and its treatment [1,19].

The gold standard for scoliosis evaluation is the Cobb’s angle, which gauges the degree of spine
curvature [20]. The angle between the upper end-plate of the most severely twisted vertebra above the
curve’s apex and the lower end-plate of that vertebra below the apex is known as the Cobb’s angle
[12,18]. Figure 2 shows the measurement of Cobb’s angle. However, accurate and reliable estimation
of the Cobb’s angle can be challenging, as it requires the identification of specific vertebral landmarks
by human experts [12,21], which can be subjected to inter-observer variability and measurement errors.
Moreover, traditional methods of Cobb’s angle measurement may not be sensitive enough to detect
subtle changes in spinal curvature, particularly in patients with early onset scoliosis [22].

(a) Normal Spine (b) Scoliotic Spine
Figure 1. Scoliotic View of a Normal Spine [23].

Given the difficulties in measuring Cobb’s angles manually, interest in creating automated and
objective evaluation techniques is rising. Recent advances in deep learning methods have shown
significant results in automating the process of Cobb’s angle measurement, potentially improving its
accuracy and efficiency [24]. By training deep learning algorithms on large datasets, researchers can
develop automated methods that recognize and localize vertebral landmarks automatically, enabling
rapid and accurate evaluation of the Cobb’s angle [25].
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Figure 2. Measurement of Cobb’s angle [26].

The potential of deep learning in improving the accuracy and efficiency of Cobb’s angle mea-
surement has important implications for the diagnosis and management of scoliosis, as it can help
identify patients who are at risk of curve progression and require close monitoring or intervention.
Additionally, automated measurement methods can reduce measurement errors and inter-observer
variability. However, the accuracy and reliability of automated methods pose challenges due to noisy
dataset, computational complexity, and the need for enhanced algorithms. The major contributions of
this research include:

• Accurate Cobb’s Angle Measurement: By leveraging advanced mathematical techniques and inno-
vative algorithms, this proposed technique surpasses existing methods in terms of precision and
reliability, offering clinicians a more robust and trustworthy measurement tool.

• Noise-Resistant Dataset Analysis: Dealing with noisy dataset is a ubiquitous challenge in scoliosis
assessment. To overcome this hurdle, we have meticulously designed algorithm that is trained in
the context to obtain generalization and perform on noisy dataset, leading to more accurate and
consistent Cobb’s angle measurements on real world dataset.

• Reduced Computational Complexity: By employing streamlined and innovative computational
techniques, we have significantly reduced the computational complexity associated with accurate
angle determination, thereby enhancing efficiency and practicality in clinical practice.

• Enhanced Algorithm Design: Research contributions extend beyond accuracy and efficiency. We
have also focused on improving the overall design of the algorithm to accommodate diverse
scoliosis cases without compromising on performance.

Specifically, a deep learning algorithm is trained on a large dataset of X-ray images of scoliotic
spines and evaluated its performance in measuring the Cobb’s angle, comparing it to measurements
made by human experts. The results demonstrate the potential of deep learning in improving the
accuracy and efficiency of this angle measurement, and the implications of the findings are also
discussed for diagnosing and treating scoliosis.

The structure of this paper is as follows: First, the significant previous work is discussed in
Section 1. Than proposed technique is explained in Section 2 with the implementation details in
Section 3. While implementation and results are covered in Section 4 with a discussion on them.
Section 5 concludes the work and possible future directions.

1. Literature Review

Spine provides structural support to body and safeguards the spinal cord. Its malformation
such as curvature is scoliosis. Image analysis techniques [27] and mechanical approaches used for its
detection and evaluation are time consuming and more prone to errors. Manual measurement of angle
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performed by experts face multiple challenges like patient posture during the process, tissue contrast
in scans etc. Such challenges make it more difficult to correctly identify the extent of curvature. In this
section, a general overview of prevalent researches in the area is covered. Specifically, we will discuss
the significant work done using four categories of dataset i.e.,

• X-ray images
• CT-scans
• Ultrasonographs
• Radiographs

Experiments performed for manual measurements [27] shows an error rate of 2.8 to 8.0 degree
variation. As far as supervised methods are concerned, these are also not very much effective in
medical fields because they have poor accuracy due to information loss during process [28]. As a
whole, studies show that these techniques still needs improvements to get better results and deep
learning based methods perform much better.

In [29], Cobb’s angle was measured by using Convolutional Neural Networks (CNNs) based
framework. Experimentation was performed on 210-grey scaled X-ray images having 180, 20 and 10
training, testing and validation sets, respectively. In the detailed structure of technique, Region of
Interests (ROI) found for noise reduction using Aggregated Channel Feature (ACF), directly extracts
the features from image pixels and their intensity values. From this intensity based ROI, spine area
was identified as it has higher intensity and its edges were determined. After defining the spine edges,
vertebral detection was most crucial stage which further lead to vertebral segmentation section. For
segmentation, U-net based structure was modified. At the encoder side, convolution with 3 × 3 filter
of Rectified Linear Unit (ReLU) normalization and down-sampling was done for feature extraction
to build feature map and then later on in the decoder section up-sampling and concatenation was
performed. The measurement coefficients used were Dice Similarity Coefficient and Jaccard Similarity
Index. To calculate the Cobb’s angle of the segmented vertebrae images, maximum bounding box
method was used. This proposed framework was based on residual network and compared to Dense
U-Net and Standard U-Net based architecture. From all of them, Residual based architecture surpasses
others showing 92.95% mean segmentation accuracy. A T-Test was also performed for framework
and for the comparison of manually measured results. However, this research did not use any image
reconstruction and enhancement technique to eliminate the noise which affected the accuracy.

CNNs was also used as to segment the center line of spinal column on MICCAI dataset [30]. Then
to calculate the angle, derivatives were taken. Mean Absolute Error (MAE) of angle were observed
to 3.87 degree with a limitations of technique like cropping the image close to spine which lead to a
major issue for automated assessment with a larger running time.

These time taking measurements urged to develop some automated techniques, which is done
with the help of U-Net segmentation [31]. The dataset included CT-Scans and 609 anterior posterior
X-rays with a metadata of annotations. In this development, mainly spine was pinpointed using single
shot detector. However, this structure of technique could detect angles less than 10 and accuracy was
observed to 86%.

On the above mentioned 609 anterior posterior dataset, in [32] vertebrae were marked using
bounding box FAST-RCNN object detector. However, this approach could not exactly found the
relation of landmark position of one vertebra with other. Use of any learning algorithm can smooth the
flow [33]. In [33], Landmark and Cobb’s angle Estimation Network (LCE-Net) developed segmentation
with the combination of landmark information. It was composed on two sections. One is Landmark
Estimation Network (LEN) which estimate 68 landmarks of 17 vertebrae with the help of segmentation
and other is Cobb’s angle Estimation Network (CEN) which estimated the angle with the help of
landmarks obtained in first section network (LEN). For experimentation, 1200 X-ray images were
obtained from a local hospital. For performance metric, Landmark Mean Absolute Error (LMAE) was
used. Results showed that for landmark estimation, segmentation gave more information and made
the method robust with the increased computation cost.
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CNNs-based architecture [34] has also been used to locate the spine’s vertebrae and to estimate
the Cobb’s angle. The proposed network used 152-Layered ResNet as a backbone to determine the 68
landmarks. The obtained feature pattern was classed as a fully linked layer with sigmoid function.
The network used Adam optimizer and then calculated the gradient accuracy of 93%. However, the
network could only detect major spine curves not minor curves.However, sas the network grows more
in depth, performance can become saturated.

CNNs with ReLU was also used in an automated method [27] and then compared to manual
measurement results. The X-ray dataset used 145 images for training purpose. To measure the
performance on this dataset, Intra-Class Correlation Coefficient (ICC) was used. The proposed
technique was quite reliable even in case of angle approaching to 90 degrees, not greater than this. The
approach was also capable of detecting several curves in a single spinal picture. However, the model
exhibited zero intra-rate variability.

Table 1. Comparison Table.

Paper Techniques Dataset Type Results Limitations
[29] CNNs

Architecture
based on

Residual U-Net,
Dense U-Net,

Standard U-Net

2D X-ray Images Residual
Network gives
segmentation
Accuracy of

92.95%.

Did not explored
image

reconstruction,
enhancement

and reorientation
correction, noise

in images
[33] LCE-Net X-ray Spinal

Images
Segmentation as
an task to give

more
information to

estimate
landmarks,

approach is more
reliable for both
landmark and

angle estimation

Require more
information,

increased
computation cost

[34] CNNs(4) with
ResNet(152

layer)

X-ray Images Accuracy With
Adam Optimizer

93.6%

Accuracy is
achieved in Non
clinical settings,
can only detect

single major
curve, not minor

curves,
[27] CNNs with

ReLU
X-ray Images High degree of

reliability when
the Cobb’s angle
did not exceed 90

degree

Intra-rate
variability of

model is 0,
Identical output

on identical
input
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Table 1. Cont.

Paper Techniques Dataset Type Results Limitations
[31] U-Net based AI

Method
X-ray Images Validation

Accuracy were
recorded 94.4%

Severity
Classification

stage is
important and
not included

[35] CNNs
comparison with

Manual
Measurement

X-ray Images,
Manually labeled

Evaluation at the
rate of 300

milliseconds

For Only
Adolescent
Idiopathic

Scoliosis (AIS)
not congenital,

moderate bends,
Lateral views

[32] Bounding Box
Object detector

with
FAST-RCNN

X-rays Successful
vertebrae

detection before
landmarks

Inter-
dependency b/w
vertebrae needs

to find
[36] U-Net and

Convex Hull
X-rays High real time

performance
sensitive angle

detection due to
reduced image

size
[37] Support Vector

Regression
X-rays Direct angle

calculation from
image features

Supervised
kernel learning

required
[38] Random Forest

Regression
X-rays Helping

Clinician in angle
succession of

patients

Characterizing
backbone in 3D

space

[30] Cascade of two
CNNs

X-rays MAE of 2.0
degrees

Manual
Cropping
Required

[39] Btrfly-Net and
U-Net Model

CT Scans Overall accuracy
86.23%

Progression of
angle over time

[40] U-Net ensembles CT Scans 9 out of 10
patients correctly

graded

Higher
computation cost,

One image
analysis take 8

mins
[31] U-Net CT-Scans 86% accuracy Angle

Progression
Needs to work

on
[41] Variant of U-Net

CNNs
Ultrasonographs 60% of

measurements
within clinical

acceptance

Cannot detect
angles greater

than 45

[8] U-net Radio-graphs 0.86 of
verification

dataset of spine

Angle calculation
required to
perform on
whole spine

In [31], authors presented Btrfly-Net and U-Net model for end to end segmentation. The Cobb’s
angle was identified using custom code, and the curvature was estimated using a regression model.
No doubt, the performance of model was up to the mark and could even detect that the patient is
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suffering from scoliosis or not means Angle > 10. The next step was to use the progression of angle
over time.

Variant of U-Net and CNNs was used in [35] to serve the purpose which used the Center of
Lamina (COL) technique for angle measurement. To reduce the complexity of algorithm one stage
of pooling and up sampling was removed and paddings were added. Mean Square Error (MSE) loss
function was used as performance measure. However, the model could not detect angles greater than
45.

In [38], Smith et al. investigated the use of random forest regression for predicting spinal curve
progression in Adolscent Idiopathic Scoliosis (AIS). By employing a random forest regression model,
they aimed to develop a reliable prediction model to assist clinicians in determining the likelihood of
curve progression. Their results demonstrated the potential of random forest regression in accurately
predicting spinal curve progression with the estimated difference of 1.83, 5.18, and 4.79 degrees from
real structure.

As the end goal here is to find the Cobb’s angle, and in this process segmentation is one of the
most important part. In X-ray images, it is difficult because of the problems like blurred corners and
hitting target areas. To cater this problem, a convex hull algorithm based on U-Net [36] was proposed
for masking and corner detection of spine vertebrae. On 17 vertebrae, 68 corners were detected. And
then these binary masked images were used to calculate the angle. Experiments were performed on
MICCAI dataset consisting of 609 X-ray images. Masking process of dataset took 30 minutes on these
images and model had high actual time performance. The utilization of the shrink approach resulted in
a range of image pixels, spanning from 1000 to 224 pixels, which consequently made angle calculation
highly sensitive.

In [39], authors present ensemble of U-Nets based architecture. This research was implemented on
CT-scan dataset and patients’ results were compared to manual measurement. Model’s performance
can be observed from a result that 9 out of 10 patients were graded correctly. However, the model
incurred greater computational expenses. One image analysis could take up to 8 − 9 minutes.

Another U-Net based framework Adam optimizer with Tverskey Loss Function [40] has been
experimented on 600AP X-ray images and validation accuracy obtained was 94.4%. However, the re-
search did not include an assessment of the significance/importance of the Cobb’s angle measurement
stage, which is a crucial step.

With the specificity of angle measurement in AIS, [41] served the same purpose. Total of 500 X-rays
were taken. From which 200 were manually labeled for training and the other were taken for testing
validated by MAE and Pearson Correlation Coefficients (PCC). Model used CNNs for automation of
Cobb’s angle measurement and performed very well. Computation cost was 300 milliseconds for one
image. However, this research is limited to AIS scoliosis only and not for moderate bends and lateral
views.

This research can alternatively be seen as a multi-output regression issue [37]. For this, a group
of researchers used support vector regression as it can tackle the circuitous relationship of input and
output and participate in the process of supervised kernel learning. Minimum 21.63% average RMSE
was obtained and 92.76% correlation coefficient was observed.

While in the context of multi-input adaptive neural network to detect cervical vertebral landmarks
on X-rays [42], an efficient and accurate method is developed to assist in diagnosing and monitoring
spinal conditions. They trained the neural network using a dataset of cervical spine X-rays with
annotated landmarks and achieved high detection accuracy. The results indicate the potential of deep
learning methods in improving the accuracy and efficiency of landmark detection on cervical X-rays
with the minimum symmetric mean absolute percentage of 26.96%, thus facilitating diagnosis and
treatment planning for spinal conditions.

Analysis was also done on radiographs by using U-net as a segmentation strategy and custom
algorithm was designed for the calculation of angle [8]. This type of method can support to seniors or
doctors during manual measurement.
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Additionally, [43] focused on the automatic grading of bone maturity from radiographs in AIS.
Using deep learning techniques, they developed an automated approach to assess bone maturity, a
critical factor in evaluating skeletal age and growth potential in AIS patients. The proposed method
showed promise in automatically grading bone maturity from radiographs.

Besides calculation of angle, finding the progression of angle in a patient with time is also very
critical. Their solution can help doctors to decide the more suitable approach as a treatment. In [38],
AIS patient modes were captured and then compared with Independent Component Analysis (ICA)
generated from stack de-noising auto encoder. How these variation modes are linked with progression
is still unknown.

All the mentioned approaches were carried out to develop a strong end-to-end pipeline based on
machine learning and deep learning to estimate the extent of scoliosis severity by providing assistance
in medical domain. Every research has their own constraints. For example, few of them are unable to
find the angle greater than 40 which is a critical case of scoliosis, other has accuracy problems and few
of them are not using noisy datasets which can be problematic according to real world prospective. A
detailed comparison of approaches is shown in table 1.

The automated methods needs to improve in terms of reliability. They should accurately measure
Cobb’s angle, correctly identify the range of Cobb’s angle, and explain the severity of different types of
scoliosis. This requires high accuracy, less computation, and a better algorithm design to handle noisy
dataset.

The exploration of this paper sets it apart from other studies. It utilizes a custom code for
landmark estimation, leading to accurate evaluation of the angle range from X-rays in a shorter time.
Additionally, this method can handle real-world dataset, even when it is noisy, and requires image
enhancement, as the details are discussed in next section.

2. Methodology

The proposed technique follows a structured approach for X-ray image analysis, incorporating
several key steps. Figure 3 presents the overall structure of the technique which further involves many
sub processes that are described in the next sections.

Figure 3. High Level Architecture.

The process begins with the dataset acquisition, which consists of X-ray images. These images
undergo pre-processing to improve their quality and prepare them for subsequent analysis. Subse-
quently, data augmentation is employed to extend the training dataset with the primary objective of
improving the model’s ability to generalize.

Next, masking techniques are employed to identify spine portion in the X-ray image. These
landmarks serve as reference points for subsequent analysis. Later on, segmentation is performed to
partition the X-ray images into meaningful regions or objects of interest e.g. anatomical structures or
abnormalities.
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Finally, angle measurement is carried out to quantify the angles of interest within the segmented
regions. This step provides valuable insights and measurements for result analysis or diagnosis. By
employing this comprehensive high-level architecture, the proposed technique aims to extract relevant
information from X-ray images and enable accurate analysis for medical applications.

Details of each step is discussed next, while Figure 4 depicts the detailed architecture.

Figure 4. In-depth Architecture.
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2.1. Pre-Processing

Possible presence of low contrast in X-ray images can impact the diagnosis and analysis. Thus, to
improve the visibility of anatomical structures and abnormalities, contrast enhancement is performed.
Effective image visualization with improved contrast assists radiologists in identifying subtle differ-
ences that may not be otherwise noticeable. Thus, positively influencing the model’s evaluation by
providing clearer and more distinct images for the model to learn from.

There are several ways to increase the contrast. In this proposed technique, pre-processing is
done using Contrast Limited Adaptive Histogram Equalization (CLAHE) [44], which is a variant of
Adaptive Histogram Equalization (AHE) with the property of limited contrast amplification to reduce
the over boosting of noise. It serves the purpose by clipping the histogram to a defined value before
Cumulative Distribution Function (CDF) calculation. That particular defined value is called Clipping
Limit and the parameter can be adjusted through code and common occurring value is between 3 − 4.
The portion of the histogram that is above the clip limit will not be discarded. In spite of that it is
equally distributed among other histogram bins and this process is continued till the excess part
is negligible. It operates on small regions known as the TileGridSize of an image and every region
undergoes the same process and then recombined to make the larger one. Hence the overall contrast
of an image is enhanced.

Figure 5a shows the original picture in which small details are unclear due to the low value of
contrast.

Let I be the input image shown above and Ii,j denote the pixel at row i and column j. The process
of CLAHE application involves the following steps [44,45]:

• Divide the image into small tiles of size N × N.
• Calculate the histogram of each tile hk, where k is the index of the tile.
• Normalize the histogram of each tile to obtain the Probability Mass Function (PMF) defined as:

pk(x) =
hk(x)

N2 . (1)

• Calculate the CDF ck(x) of the PMF for each tile.
• Map the pixel intensities of each tile to new values using the transformation function:

fk(x) =
∑

min(x,CL)
n=0 H′(n)

∑CL
n=0 H′(n)

(2)

where fk(x) is the transformed pixel intensity, CL is the Contrast Limit, H′(n) is the contrast-limited
histogram value for intensity value n.

• Clip the transformed pixel intensities to the range [0, 255].
• Stitch the equalized tiles back together to obtain the final enhanced image.
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(a) Before (b) After
Figure 5. Original vs Pre-processed Image.

As can be seen in Figure 5b, the CLAHE enhanced image has significantly improved contrast
as compared to the original image shown in Figure 5a. These pre-processed images are then used as
input for the step of data augmentation to generate more data, as described next.

2.2. Data Augmentation

Data augmentation is a critical step in training deep learning models on images dataset for the
purpose of generalization. By generating synthetic training examples from existing dataset, it is
possible to significantly increase the size of the training set, reduce over-fitting, and improve the
accuracy and generalization of the model [46]. It can help enhance the performance and results of deep
learning models by adding new and diverse instances to training dataset. A deep learning algorithm
works better and more precisely if the dataset is rich in amount and is adequate.

For this purpose, three different techniques are used.

• Noise Addition
• Intelligent Cropping
• Image Rotation and Flipping

Adding noise to a dataset helps model to become robust to variations [47]. For example, if a
model is trained on images with a certain levels of noise, it may be more effective at recognizing objects
in images with similar levels of noise. Adding noise can also serve as a form of regularization, which
helps prevent overfitting. By adding random noise to the input dataset, a model may learn generalized
features that are less dependent on specific input patterns, leading to better performance. Since the
benchmark dataset often lacks abnormalities, custom noise addition in some portion of dataset helps
the model to train and ultimately perform well on the noisy dataset as well.

In general, X-ray images contains Salt-and-Pepper and Gaussian noise due to various reasons like
poor tissue contrast, patient posture, unexpected movement, sensor limitations and machine tolerance
[48]. In this work, a selected ratio of these noises are added to the pre-processed dataset.

In gaussian noise, noise values are uniformly distributed with the Probability Density Function
(PDF) mentioned below.

f (x) = e−
(x−µ)2

2σ2 × 1
σ
√

2π
(3)

where µ is the mean (or average) of the distribution and σ is the standard deviation (or spread) of
the distribution. The standard deviation is a measure of how much the values in the distribution vary
from the mean.

Here the noise values are random variables that are drawn from this distribution. The mean value
of the noise is typically zero, which means that the noise has a uniform spread of positive and negative
values.

Figure 6 shows the grainy and speckled effect of Gaussian noise to the sample image.
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Figure 6. Image with Gaussian Noise.

Whereas, salt-and-pepper noise is the type of noise that mostly occur in the digital images. It
causes some pixels to appear black, taking the maximum value (255), and white, showing minimum
values (0) resulting in the black and white effect on image [49].

Mathematically, impulse noise can be modeled as a PDF pn(x) that assigns a probability pn(p) to
the minimum pixel value and a probability pn(1 − p) to the maximum pixel value, where pn is the
noise density and p is the probability that a pixel is corrupted by the noise.

This PDF can be expressed as:

pn(x) =


pn(p), if x = 0

pn(1 − p), if x = 255

0, otherwise

(4)

Where x represents the pixel value.
To add impulse noise to an image, we can use the following procedure [49]:

• Generate a random number r between 0 and 1 for each pixel in the image.
• If r < p, set the pixel value to 0 (black).
• If r > 1 − p, set the pixel value to 255 (white). Otherwise, leave the pixel value unchanged.

This process introduces random variations to the pixel values, creating the characteristic salt-and-
pepper noise pattern in the image as shown in Figure 7.
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Figure 7. Image with Salt-and-Pepper Noise.

After adding noise to a chunk of dataset, Intelligent cropping is done to the next slab. Intelligent
cropping means smartly determining the focal point of picture and keeping it in focus while the image
is being cropped. To find the focus point, personalized code is written which crops the image from the
upper portion and lower portion by keeping the spine in center. Figure 8 shows a sample of intelligent
cropping by eliminating some upper and lower portion from image and making the center in focus.

Figure 8. Intelligently Cropped Image.

The first two data augmentation techniques does not increase the sample size in real terms because
both type of noise i.e: gaussian and impluse noise, is added to some existing portion of dataset and
replaced with the original one. To increase the instances, images are rotated and flipped. Every image
in the dataset is given a reversed and rotated rendition, n degree clockwise revolution is carried out
for the image, and the same procedure is used for their relevant masks.

Figure 9 shows the original, flipped and rotated versions of image.
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(a) Original Image (b) Flipped Image (c) Rotated Image
Figure 9. Flipped vs Rotated versions of the Original Image.

As a result of process, there are a total of 1443 instances generated by using 481 input images.
For each image instance, a corresponding mask will be generated using the landmarks provided

in the CSV format of dataset. To understand how the landmarks, adjust to align with the spine portion
of the image, a visualization is performed and this resulting visualization of the landmarks helps to
create the mask.

2.3. Landmarks Visualization

This visualization is only done to help the viewer better see and comprehend the spine part of the
X-ray picture. Figure 10 gives the visualization of landmarks. Landmark values of a picture correspond
to the location of pixel in a particular image for which it is obtained. In the dataset, each picture in the
landmarks file has CSV values that correspond to the pixel position in the specific image for which
they were obtained. As a part of the representation process, these landmark values are transformed
into arrays, which are then reshaped into two columns for a single picture as x and y coordinates, and
finally mapped to pixel values.

Figure 10. Visualization of Landmarks on Original Images.

2.4. Masking

Masking involves the same process of landmarks coordinates conversion to pixel values as
described in the above section with the difference that on these pixel values that are mapped onto the
image, contouring is done. Contouring creates the edges around the spine making the whole part of
spine appear to white and the surrounding part to black. For every image its mask is created.

Figure 11 represents the original image in comparison to its mask.
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(a) Image (b) Mask
Figure 11. Mask of the Original Image.

All the generated masks and their original images are then serialized to minimize the space they
take as a memory stream.

2.5. Object Serialization

Serializing an entity involves turning its state into a stream of bytes. This code stream can
also be kept in any entity that resembles a file, such as a file on the hard drive or memory stream.
Deserialization is the act of building a data structure or object from a sequence of bytes. Pickling
and Unpickling are words used in python to describe encoding and deserialization, respectively. The
python standard library includes the pickle module, which specifies methods for serialization and
deserialization.

The segmentation model then receives these pickles, which were independently produced for the
pictures and their masks.

2.6. Segmentation

Training images and their generated masks are then fed to U-Net Model, best suited for biomedical
image segmentation due to its design, number of parameters, skip connections and performance on
various task. This model is composed of a contracting way and an expansion track. The contracting
path is CNNs with repeated convolutions followed by ReLU with maximum pool. During this track,
spatial information is decreased while feature information is enhanced. The expansive pathway
combines the feature and spatial data via a series of up-convolutions and concatenations with a bit of
raised features from the contraction gateway. The up-sampling component’s huge number of feature
channels enables the network to transmit relevant data to higher resolution layers. As the expanding
route and the contracting component are almost similar, the result is a U-shaped pattern [50]. In order
to predict the pixel values that will arrive in the picture’s boundary region, the missing information is
inferred by reflecting the input image.
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Figure 12. U-Net Architecture [51].

The contraction part is made up of a number of contraction pieces. Each block must take a single
input, apply two 3 × 3 convolution layers and then pool to an amount of 2 × 2 maximum. The number
of kernels or feature mappings is doubled after each block to allow a design to learn the complex
pattern in its entirety. The lower layer is a bridge between the contraction and extension layers. After
two 3 × 3 CNN layers, a 2 × 2 up convolution layer is used.

When processing dataset, the 2 × 2 up-sampling layer is added after each block’s two 3 × 3 CNN
layers. In addition, the number of mapping elements used in a convolution layer shall be reduced
by half following each block to ensure balance. The input is also supplemented with feature maps
derived from a corresponding contraction layer every time. As there are same number of blocks for
contraction and expansion, which ensure that the qualities that a picture gains as it gets smaller are
also used to reconstruct it in its ultimate form. After that, output mapping is handled by applying a
second 3 × 3 CNN layer with the same number of feature maps.

U-Net uses a distinct way of weighting the losses for each pixel, assigning more weight to the
edges of divided objects. Using this loss weighting method, the U-Net model was able to segment cells
on biomedical images in a continuous manner, which allowed for easy identification of individual cells
within binary segmentation maps. Initially, the final image undergoes a softmax transformation on a
per-pixel basis, and then a loss function that measures the difference between predicted and actual
values is applied. This allows us to classify each image into a specific category. It is necessary for each
pixel to be assigned to a particular group, even during segmentation, which can be accomplished by
ensuring that they do. As a result, a segmentation issue is changed into a multiclass classification
problem.

In the proposed technique, this model is used with the bit of change in parameters like Exponential
Linear Unit (ELU) as activation function in input layers etc., which is also very similar to ReLU, except
for negative inputs [52]. This function is basically designed to address the vanishing gradient problem
that can occur during training with the ReLU function. When the ReLU function is used, the output
of the function is 0 for negative inputs, which can cause the gradient of the function to be 0 as well.
This can result in slower training and a higher risk of the network getting stuck in a local minimum.
The ELU allows negative inputs to have a non-zero output. This helps to prevent the gradient from
becoming 0 and ensures that the network can continue to learn from negative inputs. As opposed to
ReLU, which smooths abruptly, ELU smooths down gradually until its output equals.

The mathematical formula for the ELU is:

f (x) =

{
x, if x > 0

α(exp(x)− 1), otherwise
(5)

Where x is the input to the activation function, and α is a hyper-parameter that determines the
value of the function for negative inputs and it is typically set to a small positive value such as 0.1. This
ensures that the function is close to 0 for negative inputs, not exactly 0, so the gradient is non-zero.
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When using ELU in a U-Net architecture, it can help improve the model’s performance by
addressing the vanishing gradient problem, which can occur during training. Vanishing gradient
is situation when gradient becomes very small as they propagate backward through a deep neural
network, making it difficult to update the weights. By using ELU, this situation can be mitigated to
some extent and the model can produce more accurate segmentation while also reducing the training
time and improving the convergence rate.

During training to evaluate the performance of U-Net between the predicted segmentation mask
and the ground truth mask, Dice Similarity Coefficient [53] is used. Dice Similarity is sensitive to small
variations in the segmentation masks, which is important in critical applications like medical imaging.
Dice coefficient is usually computed for each class separately and then averaged over all classes to
obtain a final score. A dice coefficient value of 1 indicates perfect overlap between the predicted and
ground truth masks, while a value of 0 indicates no overlap. It is defined as the ratio of the intersection
of the two masks to the total number of pixels in the two masks, specifically:

Dice Coefficient =
2 × |A ∩ B|
|A|+ |B| (6)

Where A and B are the two binary masks.
After training model on the images and their masks, it predicts mask for the test dataset. These

predicted masks will then be used for angle calculation.

2.7. Angle Calculation

To calculate the angle on the predicted masks, custom code is written which operates in the
manner of finding the slope from the masked spine and calculating the degree of angles for every
bend of each image. In total, three angles (for each bend) are being calculated for each image. These
predicted angles are then compared with the given angles for result analysis.

2.8. Result Analysis

RMSE is used as a basic measure to analyze the results. RMSE is a commonly used metric for
evaluating the accuracy of a prediction or model. It represents the square root of the average squared
difference between the actual and predicted values. The lower the RMSE, the better the accuracy of the
prediction or model.

The formula for RMSE can be expressed as:

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)2 (7)

Where yi is the actual value of the ith data point, ŷi is the predicted value of the ith data point, and n is
the total number of data points.

For visualization of results, ground truths and prediction were plotted using the simple plots,
scatter plots and Q-Q plots. In a scatter plot, each point on the plot represents a pair of values, one
from each dataset and can be represented as (x1, y1), (x2, y2), ..., (xn, yn).

Where xi and yi are the ith values from the two datasets. The scatter plot shows the distribution
of these points on a two-dimensional coordinate system, with the x-axis representing one dataset and
the y-axis representing the other.

In a scatter plot, the distribution of points can reveal important information about the relationship
between the two datasets. For example, if the points are tightly clustered around a line, this suggests a
strong linear relationship between the two datasets. If the points are scattered randomly, this suggests
no significant relationship between the two datasets.

The Quantile-Quantile (Q-Q) plot is a graphical tool for comparing the distribution of a sample
of dataset to a theoretical distribution, such as the normal distribution. The mathematics behind the
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Q-Q plot involves plotting the quantiles of the sample dataset against the quantiles of the theoretical
distribution. It can be understood as: (x(1), y(1)), (x(2), y(2)), ..., (x(n), y(n)).

Where x(1), x(2), ..., x(n) are the ordered values of the sample data, and y(1), y(2), ..., y(n) are the
corresponding quantiles of the theoretical distribution.

The Q-Q plot shows how well the sample data fits the theoretical distribution. If the sample data
is normally distributed, the points on the Q-Q plot will approximately fall on a straight line. If the
sample data is not normally distributed, the points on the Q-Q plot will deviate from a straight line.

To construct a Q-Q plot, the sample data is first sorted in ascending order. The corresponding
quantiles of the theoretical distribution are then calculated using a formula or a lookup table. The
ordered values of the sample data are plotted on the x-axis, and the corresponding quantiles of the
theoretical distribution are plotted on the y-axis. The resulting plot shows the relationship between the
sample data and the theoretical distribution. A sample of Q-Q plot is shown in Figure 13.

Figure 13. Q-Q Plot.

3. Experimental Setup

The dataset used for implementation is acquired from MICCAI Challenge Board, 609 spinal
anterior-posterior X-ray images. It consists of 481 training images and 128 testing images. Input images
vary in size from 359 × 973 to 1427 × 3755. For every training and testing image labels and angles are
provided in CSV format. Label of a particular image contain the landmarks of vertebrates present in
that image. Angles contain the Cobb’s angles of every image’s scoliotic spine.

For an image, three angles are given in respect to right, left and right bend which are interpreted as
ground truth in development. The angles are calculated in the same manner while making prediction.

Taking the bench mark dataset into consideration, first of all it is gone through the process of
contrast improvement (pre-processing) with the parameter values as clip limit of 2.0 and tile grid size
of 8. After that final pre-processed image is obtained. An instance of pre-processed image is shown in
Figure 14.
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(a) Before (b) After
Figure 14. Before and After Pre-processing.

After contrast improvement, Gaussian noise is added in 10% of total dataset (481 samples), and in
the next 10 percent, Salt-and-Pepper noise is added. Gaussian and Impulse noise additive image in
comparison to the pre-processed image can be seen in Figure 15.

(a) Pre-
processed
Image

(b) Image
with Gaus-
sian Noise

(c) Image
with Impulse
Noise

Figure 15. Pre-processed Image with Gaussian and Impulse Noise.

For the next slab of 10 percent, intelligent cropping is performed which set the upper crop limit
to 0.15 ratio and the lower limit to 0.25 of the original image’s height and width, making the spine
portion in center, presented in Figure 16.

Figure 16. Intelligently Cropped Image.
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To identify the spine portion, the land marking is performed by reading the image into arrays
and converting theses array into two columns of x and y coordinates leading to the transformation
into pixel values. Plot of these pixel values highlight the spine area. The red highlighted dash lines
around the spine in Figure 17 refers to the landmarks of the spine.

Figure 17. Visualization of landmarks.

On these pixel values, continuous boundary is drawn and contouring is done using python
libraries which in result gives the binary mask of image. Figure 18 reveals the mask of the left side
place image on the right side.

(a) Masked Image (b) Original Image
Figure 18. Masking.

These generated masks and their input images are then flipped and rotated to 10 degrees with
respect to center to increase the sample size from 481 to 1433 instances. In Figure 19, flipped and
10-degree rotated version of image is displayed.
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(a) Flipped Image (b) Rotated Im-
age

Figure 19. Flipping vs Rotation.

All the instances of images and masks are then serialized to pickles which is then fed to U-Net
architecture for segmentation. The model is trained using the cross-entropy loss function, which is
commonly used for image segmentation tasks. ELU and sigmoid is used as activation functions in
input and output layers respectively, which has been shown to be effective in deep learning models by
addressing the vanishing gradient problem.

During training, we used the dice coefficient as performance metric to evaluate the accuracy of
the segmentation. The dice coefficient measures the overlap between the predicted segmentation mask
and the ground truth mask, with a value of 1 indicating a perfect match. Table 2 summarizes the
hyper-parameters used in U-Net model.

Table 2. Hyper-parameters used in the U-Net model.

Hyper-parameter Value Description
Learning rate 0.001 Determines how quickly the model learns from the dataset
Batch size 64 Number of images processed in each iteration of training
Number of filters 16, 32, 64, 128, 256 Determines the depth of the model and its complexity
Dropout rate 0.1, 0.2, 0.3 Prevents over-fitting during training
Kernel size 3 × 3 Determines the size of the convolutional filter
Epochs 50 Determines the number of iterations
Validation Split 15% Split of training and validation set

As the Adam optimizer is used, so by default the learning rate of 0.001 is chosen. The batch
size of 64 was selected to ensure efficient memory usage and faster convergence during training.
The increasing number of filters are used in encoder pathway to capture more complex features
(16, 32, 64, 128, 256) while decreasing the number of filters in decoder pathway to prevent over-fitting
(256, 128, 64, 32, 16). A range dropout rate is applied to prevent over-fitting. Finally, a 3 x 3 kernel size
was used to capture local features and ensure that the model can capture fine details in the images and
the model is trained for 50 epochs over the training dataset which was randomly split into training
and validation sets, with 15% of the dataset reserved for validation. Training accuracy of model is
observed to 97.21% and validation accuracy to 94.46%.

The weights of the model are saved using the checker point as the training time is way longer. So
the model’s current state is being snapped.

By loading the trained model, predictions are made on the testing dataset which gives masks
for 128 testing samples. On these predicted masks, angle is calculated by finding the maximum and
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minimum slope found using the landmarks. First angle is calculated as a difference of maximum
and minimum slope and converting it to degrees. The second and third angle is estimated with the
difference of maximum and minimum in the upper portion of maximum slope found on the first level
and in lower portion respectively. In result, three angles are measured for one sample.

4. Results & Discussion

The performance of the proposed technique is evaluated on MICCAI dataset of 609 spinal
anterior-posterior 1433 X-ray images, with a validation split of 0.15. The RMSE and MAE is used as the
evaluation metric to measure the accuracy of the model. The U-Net model achieved an RMSE of 4.99,
indicating that the average difference between predicted and ground truth values is relatively low.
While the MAE approached to 3.61. For all the first angles of both the ground truth and prediction are
plotted in Figure 20, which clearly shows that there are no discrepancies and predicted values closely
matches with the ground truth values.

Figure 20. Angle-1 Ground Truth vs Predicted Values.

Similarly, Figures 21 and 22 shows the plots drawn for angle 2 and 3 respectively, which depicts
that presented legends of both the predicted and ground truth are closely coupled.

Figure 21. Angle-2 Ground Truth vs Predicted Values.
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Figure 22. Angle-3 Ground Truth vs Predicted Values.

These results were obtained till 50 epochs. Performance plot in Figure 23 provides valuable
insights into the accuracy progression of the U-Net model over a specified number of epochs. In this
proposed technique, U-Net model is trained for 20 epochs, resulting in a final accuracy of 95% starting
from an initial accuracy of 72%. To explore the potential for further improvements, we extended the
training to 50 epochs, where we achieved an accuracy of range 76 − 97%.

Figure 23. Model Performance.

While the accuracy improvement within the initial 20 epochs is commendable, it is essential to
consider potential challenges associated with a limited number of epochs when training complex
models such as U-Net. One problem that arises is the insufficient time for the model to fully converge
and capture intricate patterns in the dataset. This limitation may lead to sub-optimal accuracy levels
or accuracy plateaus before reaching the model’s maximum potential. Extending it to 50, allowed the
U-Net model to further refine its representations, optimize its parameters, and improve its accuracy.
The observed accuracy of 97% within the 50 epochs demonstrates the model’s ability to learn complex
image segmentation tasks effectively. By providing more time for the model to explore the dataset and
refine its predictions, we enable it to capture finer details and enhance its segmentation performance.

To further analyze the performance of the model, scatter plots were used to visualize the predicted
segmentation masks against the ground truth masks. Figure 24 shows the scatter plot between the
predicted and ground truth segmentation masks. The plot indicates that the predicted masks closely
follow the ground truth masks, with only a few outliers.
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Figure 24. Scatter Plot b/w Ground Truth and Predictions.

In addition, a Q-Q plot is created to visually assess the similarity between the distribution of
the ground truth values and the distribution of the predicted values. The points on the Q-Q plot fell
along a straight line, suggesting that the predicted values were similar to the ground truth values in
Figure 25. These results indicate that the U-Net model performed well on the dataset and was able to
accurately capture the underlying patterns in the dataset.

Figure 25. Q-Q Plot b/w Ground Truth and Predictions.

Overall, the results demonstrate that the use of deep learning model, such as the U-Net in addition
to some techniques like the use of custom code, noise addition etc. has shown promise for accurately
measuring the Cobb’s angle in scoliosis patients. By using deep learning techniques, the proposed
technique provides an automated and objective approach to measuring the Cobb’s angle, which
can reduce the variability and subjectivity associated with manual measurements. One significant
advantage of the proposed technique is the elimination of the manual cropping step which is very
crucial for [30] model performance. The achieved MAE of 3.61 indicates a high level of accuracy
in estimating the Cobb’s angle, demonstrating the efficiency of the proposed technique building
upon in comparison to the foundation laid by a technique based on cascaded neural networks [30].
Comprehensively, the proposed technique provides an accurate and efficient approach to measuring
the Cobb’s angle of scoliosis, which could have important clinical implications for the diagnosis and
treatment of scoliosis patients over other approaches and comparison with some of the researches can
be seen in Table 3.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 13 August 2024                   doi:10.20944/preprints202408.0902.v1

https://doi.org/10.20944/preprints202408.0902.v1


25 of 28

Table 3. Unparalleled Comparison of Proposed Technique on a Shared Dataset

Techniques Dataset Results Constraints
CNNs[30] 609-AP

interior-posterior
X-rays

MAE of 3.87 Manual Cropping and
larger running time

U-Net[31] 609-AP
interior-posterior

CT-scans

86% accuracy only detect
angles< 10

CNNs with 152-layers
ResNet[34]

609-AP
interior-posterior

X-rays

93% accuracy Only detect major
curves, not minor

Proposed Technique 609-AP
interior-posterior

X-rays

97% accuracy with
MAE of 3.61 and

computation cost of
1−image is 18ms

Validations and
clinical trials are
required across
diverse dataset

While this proposed technique explains the potential of deep learning models for accurately
measuring the Cobb’s angle of scoliosis, there is still room for improvement. Firstly, there is a lack of
ground truth masks for the testing dataset, which hinders the ability to validate the correctness of the
results accurately. Ground truth masks provide precise annotations of scoliosis regions, allowing for
reliable comparisons with predicted outcomes. Efforts should be made to acquire or create ground
truth masks to enhance the evaluation process. Additionally, the evaluation dataset used in this
proposed technique have limitations, including a small sample size, limited diversity in terms of age or
severity of scoliosis, and inadequate representation of different curve types. These limitations impact
the generalizability and robustness of the proposed technique. Further validation and clinical trials are
necessary to ensure the effectiveness of the proposed technique across diverse dataset and real-world
scenarios. Collaborations with healthcare professionals and integration of additional clinical dataset
can provide valuable insights for refining and fine-tuning of the proposed technique.

5. Conclusions & Future Work

This research builds upon the existing work by incorporating image enhancement, deep learning
techniques and a customized algorithm for landmark estimation, segmentation and angle measurement,
resulting in notable improvements in scoliosis evaluation. The 97% accuracy rate signifies a strong
correlation between the automated measurement of proposed technique and manual assessments
performed by experts, indicating the reliability and precision of this method.

Through the optimization of the process and elimination of manual intervention, a dual benefit of
reducing human errors while also improving the efficiency and scalability of the proposed technique is
achieved. This automation can potentially expedite the diagnosis and treatment of scoliosis, allowing
healthcare professionals to allocate their time and resources more effectively.

The combination of deep learning techniques, accurate landmark estimation, and segmentation
has enabled us to develop an automated system that can consistently and objectively measure the
Cobb’s angle with high accuracy. This advancement has the potential to improve the quality of scoliosis
diagnosis, optimize treatment planning, and enhance patient outcomes.

Future work could also explore ways to further improve the performance of the proposed
technique, such as using larger datasets, incorporating additional features or modalities, or exploring
alternative deep learning architectures. The clinical implications of using the proposed technique for
diagnosis of scoliosis and it’s treatment can also be investigated.
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